Motivation: Circular RNAs (circRNAs) are a class of non-coding RNAs that are widely expressed in various cell lines and tissues of many organisms. Although the exact function of many circRNAs is largely unknown, the cell type-and tissue-specific circRNA expression has implicated their crucial functions in many biological processes. Hence, the quantification of circRNA expression from highthroughput RNA-seq data is becoming important to ascertain. Although many model-based methods have been developed to quantify linear RNA expression from RNA-seq data, these methods are not applicable to circRNA quantification. Results: Here, we proposed a novel strategy that transforms circular transcripts to pseudo-linear transcripts and estimates the expression values of both circular and linear transcripts using an existing model-based algorithm, Sailfish. The new strategy can accurately estimate transcript expression of both linear and circular transcripts from RNA-seq data. Several factors, such as gene length, amount of expression and the ratio of circular to linear transcripts, had impacts on quantification performance of circular transcripts. In comparison to count-based tools, the new computational framework had superior performance in estimating the amount of circRNA expression from both simulated and real ribosomal RNA-depleted (rRNA-depleted) RNA-seq datasets. On the other hand, the consideration of circular transcripts in expression quantification from rRNA-depleted RNA-seq data showed substantial increased accuracy of linear transcript expression. Our proposed strategy was implemented in a program named Sailfish-cir. Availability and Implementation: Sailfish-cir is freely available at https://github.com/zerodel/
Introduction
Circular RNAs (circRNAs) are a class of non-coding RNAs that has gained intensive attention in the past several years (Jeck and Sharpless, 2014) . Since its discovery in the 1970s (Sanger et al., 1976) , circRNAs have been considered as by-products of canonical RNA splicing (Cocquerelle et al., 1993) or specific to some pathogens (Sanger et al., 1976) . However, recent applications of RNA-seq technology (Wang et al., 2009) have revealed that circRNAs are endogenous (Ashwal-Fluss et al., 2014; Hansen et al., 2013; Memczak et al., 2013; Starke et al., 2015; Zhang et al., 2014) , abundant and conserved across the eukaryotic tree of life (Guo et al., 2014; Jeck et al., 2013; Salzman et al., 2012; Wang et al., 2014; Ye et al., 2015) . The biogenesis of circRNAs is thought to occur through a non-canonical RNA splicing process, named 'back-splicing' (Jeck and Sharpless, 2014) . Although the exact mechanisms of backsplicing are largely unclear, this procedure might be regulated by repetitive sequences in flank intronic regions, RNA-binding proteins and exon-containing lariat precursor (Barrett et al., 2015; Qu et al., 2015) . Given their tissue-and cell type-specific expression in many organisms (Fan et al., 2015; Westholm et al., 2014; You et al., 2015) , circRNAs have been revealed to perform important biological functions, acting as microRNA (miRNA) 'sponges' (Hansen et al., 2013; Memczak et al., 2013) , regulating alternative RNA splicing (Ashwal-Fluss et al., 2014) and controlling host gene transcription . Furthermore, circRNAs play crucial roles in aging (Westholm et al., 2014) and neural development (You et al., 2015) , whereas aberrant expression of circRNAs is associated with several diseases, including atherosclerotic vascular disease (Burd et al., 2010) , colorectal and ovarian cancer (Bachmayr-Heyda et al., 2015) and esophageal squamous cell carcinoma .
Because the functions of circRNAs have important implications in various biological processes, the identification and expression profiling of circRNAs from high-throughput RNA-seq data has become an emerging problem for bioinformatics. Several computational tools have been developed to identify circRNAs from RNA-seq data, including find_circ (Memczak et al., 2013) , CIRCexplorer (Zhang et al., 2014) , circRNA_finder (Westholm et al., 2014) , CIRI (Gao et al., 2015) , KNIFE (Szabo et al., 2015) , NCLscan (Chuang et al., 2016) , DCC (Cheng et al., 2016) and UROBORUS (Song et al., 2016) . These methods first scan RNA-seq alignments for junctions that have back-splicing signals, and use those chiastic reads as potential candidates to further identify circRNAs. Notably, KNIFE increases the sensitivity and specificity of circRNA detection by a novel statistical approach (Szabo et al., 2015) . Using these computational tools, tens of thousands of circRNAs have been identified from RNA-seq data in human (Rybak-Wolf et al., 2015) and several model organisms, such as mouse (Rybak-Wolf et al., 2015) , and fly (Westholm et al., 2014) . Several online databases (Glazar et al., 2014; Liu et al., 2016; Zheng et al., 2016) of known circRNAs from model organisms are publicly available to assist circRNA studies. Although the issue of circRNA identification has been, at least partially, addressed by the above algorithms, a computational framework to reliably quantify circRNA expression from RNA-seq data is still missing. Current estimation of circRNA expression from RNAseq data is largely based on the total number of reads supporting a head-to-tail junction and its corresponding canonical linear isoform (Rybak-Wolf et al., 2015; Szabo et al., 2015) . Based on these two classes of aligned RNA-seq reads, circRNA expression is measured as the product of (i) the ratio of back-splicing reads to canonical reads at that junction and (ii) the expression value of its corresponding linear isoforms (Rybak-Wolf et al., 2015; Szabo et al., 2015) . But the count-based method exhibits significant shortcomings in quantifying transcript expression from RNA-seq data (Kanitz et al., 2015) . A comparative assessment of computational methods for inferring the abundance of transcript isoforms suggests that model-based methods, taking into account transcript isoforms and the sampling reads from transcripts, lead to more accurate estimation of gene expression than do count-based methods (Kanitz et al., 2015) . Hence, a model-based computational tool is urgently needed for estimating the expression values of circRNA transcripts from RNA-seq data.
Currently, several model-based methods (Glaus et al., 2012; Li and Dewey, 2011; Li and Jiang, 2012; Nariai et al., 2014; Patro et al., 2014; Roberts and Pachter, 2012; Trapnell et al., 2010) have been developed to quantify expression values of canonical linear transcripts from RNA-seq datasets. However, these methods are not suitable to estimate the expression values of circular transcripts, since they cannot account back-splicing reads that are specific to circular transcripts. To address this problem, we proposed a novel strategy that can quantify isoform-level expression of both circular and linear transcripts from ribosomal RNA-depleted (rRNAdepleted) RNA-seq data using these methods. We achieved this by simply transforming circular transcripts to pseudo-linear transcripts, adding these pseudo-linear transcripts to the reference set of transcripts, and inferring abundance of linear transcripts using an existing model-based quantification framework, the Sailfish algorithm (Patro et al., 2014) . We evaluated the performance of the new strategy on both simulated and experimental RNA-seq data. Our results showed that the proposed strategy can accurately quantify expression values of both circular and linear transcripts from RNA-seq data. In addition, the consideration of circular isoforms when quantifying RNA transcripts from rRNA-depleted sequencing data may increase the estimation accuracy of linear isoform expression. We implemented the Sailfish-based computational framework in a program named Sailfish-cir.
Materials and methods
2.1 A novel strategy to quantify circular transcripts from RNA-seq data using an existing model-based tool
To take circular transcripts into current existing framework of model-based isoform-level expression quantification, we transformed a circular transcript to a pseudo-linear transcript and treated circular transcripts as linear transcripts in expression quantification. In pseudo-linearization, we cut the circular transcript at the location where back-splicing events occurred, and appended the sequences at 3 0 tail of the transcripts to the 5 0 tail of the transcripts (Fig. 1A) .
Using pseudo-linearization, RNA sequences with back-spliced junctions, which are supposed to be unidentifiable in canonical linear RNAs, were artificially included in the set of linear transcripts. After transformation, circular transcripts were considered as common linear transcripts in expression quantification. We applied a widely used model-based method, Sailfish algorithm (Patro et al., 2014), to quantify transcript expression. Sailfish uses a rapid, sensitive and accurate quasi-mapping method to map RNA-seq reads to transcriptome (Srivastava et al., 2016) , and quantifies transcript expression from RNA-seq data (Bray et al., 2016; Patro et al., 2014) . Several comparative studies have shown that Sailfish can perform well for transcripts with different expression levels and isoform structures, which have similar accuracy as alignment-based methods in quantifying transcript expression values (Bray et al., 2016; Kanitz et al., 2015; Teng et al., 2016) . We modified the Sailfish pipeline by including both circular transcripts and linear transcripts when estimating transcript expression from RNA-seq data.
Above proposed strategy was implemented in a program named Sailfish-cir, which consists of two major steps. The first step is reference transcript identification. We generated a set of reference transcripts, including both linear and circular isoforms. We downloaded the gene annotation of the human genome from Ensembl (Cunningham et al., 2015) , and used this as the reference set of known linear transcripts. For circular transcripts, instead of downloading known human circular transcripts from the circRNA databases (Glazar et al., 2014; Liu et al., 2016) , we computationally identified circRNA transcripts from high-throughput RNA-seq data directly, such as the CIRI (Gao et al., 2015) , KNIFE (Szabo et al., 2015) and circRNA_finder (Westholm et al., 2014) programs. The identified circRNA transcripts served as the reference set of circular isoforms (Fig. 1B) . The reasons why we used computationally identified circular isoforms as the reference set are 2-fold: (i) the existing circRNA databases are far from complete, and (ii) the expression of circular isoforms is highly tissue-specific (Fan et al., 2015; RybakWolf et al., 2015; Veno et al., 2015) . Circular transcripts were further transformed to pseudo-linear transcripts, as we illustrated in Figure 1A . Because Sailfish (Patro et al., 2014) considered all mappings with the match size larger than k-1 in the quasi-mapping procedure during quantification, the length of the appended sequence was set to kÀ1. In real RNA-seq data, the probability of sampling a sequence read decreases dramatically near the ends of linear transcript. Sailfish uses empirical fragment length distribution to compute a corrected 'effective length' of each transcript (Patro et al., 2014) . However, this will not be true for circular transcripts, since they do not have these edge effects in sequencing. To remove effective length correction on circular transcripts, we manually added a 'pad' sequence at the 5 0 end of each circular transcript. The 'pad' sequence is a randomized nucleotide sequence that has no homology with all human transcripts in the reference set. The length of the 'pad' sequence was set to the estimated fragment length of the RNAseq library. In the second step, we quantified the expression of all reference transcripts, including both linear and circular transcripts (pseudo-linear transcripts), using the Sailfish algorithm (Patro et al., 2014) . Adapted from Sailfish, this step also consists of an indexing phase and a quantification phase (Fig. 1B) . The indexing phase builds the quasi-index over a set of reference transcripts and resolves their potential origin. After that, the quantification phase quasimaps the reads and uses the mapping information to estimate the relative abundance of each transcript using the variational Bayesian expectation-maximization (VBEM) algorithm (Srivastava et al., 2016) .
Generation of simulated RNA-seq data with circRNA expression
We generated simulated RNA-seq datasets with known expression values of both circular and linear RNA transcripts. In RNA-seq data simulation, we used the Polyester (Frazee et al., 2015) program, which requires the nucleic acid sequence and the expression value of each transcript as the input. To simulate circRNA transcripts with Polyester, we transformed the circular transcripts to pseudo-linear transcripts, as described above (Fig. 1A) . In this step, the length of appended sequence for each circular transcript was set to L À 1. Here, L is the read length of simulated RNA-seq data. We used a simplified gene-structure model in the simulation (Supplementary Figure S1 ). In the model, each gene contained two relative transcripts, including one circular transcript and one linear transcript. The overlap between circular transcript and linear transcript of each gene was set to 11 different settings, from 0 to 100% overlap with a step of 10% of the whole gene length (Supplementary Figure S1 ). For each overlap setting, we generated a simulated RNA-seq dataset with a broad range of gene expression value, gene length and circRNA proportion (the ratio of circular transcript expression to the expression of both linear and circular transcripts), following a uniform distribution (Supplementary Figure  S2) . Finally, we obtained 11 simulated RNA-seq datasets with 9 million reads in each, which are randomly sampled from 512 linear transcripts and 512 circular transcripts.
To understand the effects caused by sequencing errors, transcript number, isoform structure and expression distribution, we generated several additional simulated RNA-seq datasets: (i) in order to show the effects of sequencing error, we simulated four additional RNAseq datasets following different error models in Polyester (uniform error model, 0.01 error rate; uniform model, 0.02 error rate; illumina4 error model; illumina5 error model) with 30% overlap between linear and circular transcripts; (ii) to understand the effects of the number of transcripts, we simulated two additional RNA-seq datasets (1024 linear and circular transcripts, respectively; 2048 linear and circular transcripts, respectively) with 30% overlap between linear and circular transcripts; (iii) to estimate the effect of more complicated isoform structures on quantification performance, we simulated one more RNA-seq dataset with the same linear and circular transcripts in a real RNA-seq dataset (NCBI Gene Expression Omnibus [GEO] (Barrett et al., 2013) accession: GSE64283, Run number: SRR1721290) and (iv) we simulated one more RNA-seq dataset following an empirical expression distribution estimated from the same real RNA-seq dataset above with 30% overlap between linear and circular transcripts (1024 linear and circular transcripts, respectively).
For all simulated RNA-seq datasets, we estimated the expression values of both circular transcripts and linear transcripts using Sailfish-cir and CIRI (Gao et al., 2015) with default parameter settings, and evaluated their performance on circRNA quantification. In Sailfish-cir run, the parameter of k was set to 21 as the default setting, since the differences are relatively small over a large range of k (Srivastava et al., 2016) .
Real rRNA depleted RNA-seq data
In addition to simulated RNA-seq data, we also applied our Sailfishcir pipeline to several real high-throughput RNA-seq datasets to assess its ability in quantifying circRNA expression from RNA-seq experiments. We downloaded 11 rRNA-depleted RNA-seq datasets of a panel of human fetal tissues at different developmental time points from NCBI GEO (Barrett et al., 2013 ) (GEO accession: GSE64283, Supplementary Table S1). These datasets were chosen based on the availability of experimentally validated qRT-PCR threshold cycle (CT) values of several circRNAs from Szabo et al. (2015) . We estimated the quantification of circRNAs using Sailfish-cir and several widely used count-based methods, including CIRI (Gao et al., 2015), KNIFE (Szabo et al., 2015) and circRNA_finder (Westholm et al., 2014) . Szabo et al. (2015) also harvested human Embryonic Stem Cells (hESCs) at sequential stages of differentiation: undifferentiated (day 0), mesoderm (day 2), cardiac progenitor (day 5) and definitive cardiomyocyte (day 14), and performed rRNA-depleted RNA sequencing with experimental triplicate (71 samples in total). We downloaded these datasets from GEO (GEO accession: GSE64417, Supplementary Table S1 ). For all real RNA-seq datasets above, we estimated the expression values of circular transcripts in all these datasets using Sailfish-cir, CIRI (Gao et al., 2015) , KNIFE (Szabo et al., 2015) and circRNA_finder (Westholm et al., 2014) with default parameter setting, and computed quantification robustness of each method.
To assess the improvements of linear RNA quantification made by our pipeline, we downloaded one more dataset from GEO (GEO accession: GSE48035, Supplementary Table S1), which contains eight biological replicates of Human Brain Reference RNA. Among them, four biological replicates were sequenced using poly-A enriched mRNA-seq libraries, and the other four were sequenced using rRNA-depleted RNA-seq libraries. We estimated the expression values of both linear transcripts and circular transcripts in the four rRNA-depleted RNA-seq datasets using Sailfish-cir with default parameters. We also computed the expression values of linear transcripts in these four datasets using Sailfish-cir without considering circular transcripts. For those poly-A enriched RNA-seq datasets, we estimated the expression values of linear transcripts using Sailfish-cir as well.
Performance assessment
To evaluate Sailfish-cir performance on expression quantification from the simulated RNA-seq data, we compared the estimated expression with the input expression for each simulated transcript. Expression level of each transcript (transcripts per million [TPM]) were transformed to log space by taking log 2 (TPM þ 0.0004). The reason why we chose 0.0004 is to keep the log transformed TPM values small when TPM values are equal to zero. We computed both Pearson and Spearman correlation between simulated log 2 (TPM þ 0.0004) and estimated log 2 (TPM þ 0.0004) of both linear and circular transcripts (R Core Team, 2015) . We also calculated the deviation ratio of estimated expression value from the input expression value for each transcript in simulation, using the equation below.
Here dr i is deviation ratio of transcript i, e i is the estimated expression value of transcript i, and s i is the real expression value of transcript i in simulation. 'abs' stands for absolute value. When both e i and s i are equal to zero, dr i is set to zero. A lower deviation ratio suggests a greater accuracy of quantification.
To evaluate Sailfish-cir performance on real RNA-seq data, we compared the expression values estimated by Sailfish-cir against the CT values obtained from qRT-PCR. We used the number of normalized back-splicing junction reads (NBR) to represent the estimated expression value, which was computed by the equation below.
Here NBR i is the number of normalized back-splicing junction reads of transcript i, n i is the number of RNA-seq reads assigned to transcript i by Sailfish-cir, l is the read length of RNA-seq data and E i is the effective length of transcript i.
For real RNA-seq datasets that have biological and technical replicates, we used the standard deviation of expression values of the same transcript in experimental replicates to represent the quantification robustness.
Sailfish-cir implementation
We implemented Sailfish-cir using Python scripts, which is freely accessible at https://github.com/zerodel/Sailfish-cir. The scripts that simulate RNA-seq data with circular transcripts and all simulated RNA-seq datasets used in this study were uploaded as well.
Results

The proposed model-based strategy measures expression for both circular and linear transcripts
To understand the capability of our proposed model-based strategy to measure RNA abundance, we ran Sailfish-cir pipeline on the 11 simulated datasets with uniformly distributed circRNA expressions (see Section 2 for details). All the transcripts generated in simulation were used as the reference set. We compared the expression values estimated by Sailfish-cir against the corresponding real (simulated) expression level for both linear and circular transcripts.
In the simulated RNA-seq dataset with 30% overlap between linear and circular transcripts (see Section 2 and Supplementary Figure S1 Figure S3) .
Secondly, we looked into the simulated RNA-seq dataset following an empirical expression distribution estimated from a real RNA-seq dataset (see Section 2 for details). A significant positive correlation was also observed between the simulated and estimated expression values for both linear (Pearson correlation coefficient: r ¼ 0.933; Spearman correlation coefficient: q ¼ 0.971; Supplementary Figure S4A Thirdly, we explored two additional simulated RNA-seq datasets with more transcript numbers (n ¼ 1024 and n ¼ 2048) in simulation. We also observed a strong correlation between the simulated and estimated expression values for both linear and circular RNAs in these two datasets (Supplementary Figure S5) . Finally, we ran Sailfish-cir on four simulated RNA-seq datasets with different sequencing error models (see Section 2). Significant positive correlations were also observed between Sailfish-cir estimates and the simulated expressions for both linear and circular transcripts (Supplementary Figure S6) .
These results suggested that the model-based strategy performed quite well in quantifying expression of both linear and circular transcripts from simulated high-throughput RNA-seq data.
Factors that affect quantification performance of circRNA expression
In general, our proposed computational framework performed very well in quantifying the expression of circular transcripts (Figs 2 and  3A) . We also observed, however, a substantial deviation between the estimated and the real expression values for several circular transcripts (Fig. 2B) . Therefore, we investigated several potential factors that may affect the accuracy of circRNA expression quantification, including circRNA expression level, length of circRNA transcript and circRNA proportion (the ratio of circular transcript expression to the total expression level of both linear and circular transcripts).
Here, we focused on the simulated dataset with 30% overlap between linear and circular transcripts. Deviation ratio was used to measure the performance of circRNA quantification (see Section 2 for details). A lower deviation ratio suggests greater quantification accuracy. Firstly, we observed that the circRNAs with greater expression tended to have a lower deviation ratio between estimated and real expression (Pearson correlation test: r ¼ À0.112, P ¼ 1.0 Â 10
À2
; Fig. 3B ). However, this trend diminished once ; Fig. 3C ). Finally, we observed a significant negative correlation between deviation ratio and circRNA proportion (Pearson correlation test: r ¼ À0.443, P < 10 À10 ; Spearman correlation test: q ¼ À0.453, P < 10 À10 ; Fig. 3D ).
All these results suggest that the amount of circRNA expression, circRNA length and circRNA proportion may all affect the performance of our new strategy. The results were similar for other simulated datasets with overlapping percentages between circular and linear transcripts (data was not shown).
Consideration of circRNA transcripts improves quantification accuracy of linear isoforms
Current quantification of transcriptome expression from highthroughput RNA-seq data has not considered the expressed transcripts of circular isoforms. It is supposed that sequencing reads that correspond to circular transcripts may confound the estimation of linear transcripts originated from the same host gene.
To show this effect, we ran the Sailfish-cir pipeline to quantify linear transcript expression in the simulated RNA-seq dataset with 30% overlap between linear and circular transcripts based on two different reference transcript sets. The first reference set was composed of all linear transcripts without considering circular transcripts. The second reference set consisted of both linear and circular transcripts. We found that, generally, the expression of linear transcripts was overestimated when circular transcripts were not considered in transcriptome quantification (Fig. 4A) . If both circular and linear transcripts were included in the reference transcript set, however, the final estimated expression of linear transcripts was largely the same as the real input in simulation (Fig. 4A) . The deviation ratio was significantly lower when circRNA transcripts were taken into account, as compared with the deviation ratio of linear RNA quantification without considering circular transcripts (Kolmogorov-Smirnov test: P < 10 À10 ; Fig. 4B ).
To assess the performance of linear RNA quantification in real RNA-seq datasets, we collected eight RNA-seq datasets of a Human Brain Reference RNA sample (Supplementary Table S1 ). Among the eight datasets, four were sequenced using poly-A enriched mRNA-seq libraries, and the other four were sequenced using rRNA-depleted RNA-seq libraries. Firstly, we estimated the expression values of both linear transcripts and circular transcripts in four rRNA-depleted RNA-seq datasets using Sailfish-cir. We also computed the expression values of linear transcripts in all these four datasets without considering circular transcripts. Due to the limited availability of qPCR values of linear transcripts, the expression values of linear RNAs in the four poly-A enriched RNA-seq datasets were used as a reference (ground truth) of linear RNA quantification. Pearson correlation test was used to measure the concordance in linear RNA quantification between poly-A enriched and rRNA-depleted libraries. We found that, for circRNA host genes, consideration of circRNA transcripts significantly increased the correlation coefficient between poly-A enriched and rRNA-depleted libraries (paired t-test, P ¼ 2.6 Â 10 À4 , Supplementary Figure S7) . On the contrary, the correlations were largely the same for those genes without circular transcripts (Supplementary Figure S7) . These results suggest that, in real RNAseq datasets, consideration of circRNA transcripts potentially improves quantification accuracy of linear isoforms. 
transcripts). The deviation ratio (Y-axis) in panels (B), (C) and (D) was described in Equation (1). Each dot represents one circRNA transcript in panels (B), (C) and (D)
3.4 The model-based strategy is superior to classical count-based method in circRNA quantification in simulated RNA-seq data
In previous studies, circRNA expression was usually estimated by its ratio to linear transcripts, using count-based method. Using the simulated RNA-seq dataset described in Section 3.3, we compared the performance between our model-based strategy and one of the classical count-based methods, CIRI (Gao et al., 2015) . The circRNA proportion of each host gene in our simulated RNA-seq dataset was estimated using both CIRI (with default settings) and the Sailfish-cir pipeline. We observed that, compared to Sailfish-cir, CIRI generally underestimated the circRNA proportion (Fig. 5A) . Also, the gap between estimated and simulated circRNA proportion was significantly larger for CIRI compared with that of Sailfish-cir (Kolmogorov-Smirnov test: P < 10 À10 ) (Fig. 5B) .
We also ran both Sailfish-cir and CIRI on a simulated RNA-seq dataset with more complicated isoform structures derived from a real RNA-seq dataset (see Section 2). We observed that our new model-based strategy had superior performance in estimating circRNA expressions compared with CIRI (Supplementary Figure S8) .
3.5 The model-based strategy has better circRNA quantification accuracy compared with count-based methods in real RNA-seq data
We investigated the 11 real high-throughput RNA-seq datasets (GEO accession: GSE64283, Supplementary Table S1) derived from human fetal tissues at different developmental time points. Both count-based methods (CIRI, KNIFE and circRNA_finder) and our model-based strategy were used to quantify circRNA expression on these real RNA-seq datasets. We also obtained qRT-PCR results of 59 circRNAs in these samples from Szabo et al. (2015) . We compared the sequencing-based circRNA quantification of these circRNAs against the corresponding qRT-PCR results. We observed that Sailfish-cir estimates had a significantly negative correlation (Pearson correlation test: r ¼ À0.774, P < 10
À10
; Spearman correlation test: q ¼ À0.788, P < 10 À10 ; Fig. 6 ) with qRT-PCR results. In comparison, the correlation between count-based estimates and qRT-PCR results (CIRI: Pearson correlation test: r ¼ À0.664, P ¼ 9.7 Â 10
, Spearman correlation test: q ¼ À0.687, P ¼ 1.9 Â 10 À9 ; Fig. 6 ) was weaker. This suggests that the model-based framework has higher accuracy than count-based methods when estimating circRNA expression from real RNA-seq data.
3.6 The model-based strategy has increased robustness in circRNA quantification of experimental replicates Finally, we analyzed the difference in quantification robustness between count-based methods and our proposed model-based framework. We looked into the real RNA-seq data of harvested hESC replicates at four stages of differentiation: undifferentiated, mesoderm, progenitor cardiac and definitive cardiomyocyte (Supplementary Table S1 ), obtained from Szabo et al. (GEO accession: GSE64417) (Szabo et al., 2015) . We quantified circRNA expressions in each replicate using both count-based methods (CIRI, circRNA_finder and KNIFE) and Sailfish-cir. We computed standard deviation of the expression values of each circular transcript among replicates. We observed that the estimates of the modelbased strategy, Sailfish-cir, had smaller variation compared with the count-based estimates for all differentiation stages (KolmogorovSmirnov test: P < 10 À10 ; Fig. 7 ), which suggests that circRNA expression estimated by the model-based framework among replicates are more robust than those estimated by count-based methods.
Discussion
Currently, expression values of circular transcripts are normally estimated by the total number of reads that supporting a head-to-tail junction and its corresponding canonical linear junctions. Although those count-based methods have estimated circRNA expression from many RNA-seq datasets (Rybak-Wolf et al., 2015; Veno et al., 2015; Westholm et al., 2014; You et al., 2015) , little is known of their performance and accuracy on circRNA expression quantification. Previous comparative analysis of quantification methods that estimate linear transcript expressions have suggested that countbased methods have biased estimates of linear transcript expression (Kanitz et al., 2015) . Here, we presented a novel strategy that allows us quantify circRNA expression from high-throughput RNA-seq data using an existing model-based method. In our proposed strategy, circular transcripts were first transformed to linear transcripts using a pseudo-linearization process. Next, expression values of both linear and circular transcripts were statistically estimated using a widely used model-based software, the Sailfish algorithm (Patro et al., 2014) . To the best of our knowledge, our proposed strategy, Sailfish_cir, is the first computational framework that successfully estimates the expression of circular transcripts from RNA-seq data using existing statistical frameworks for expression quantification of canonical linear transcripts. By using simulated RNA-seq datasets, we confirmed that the Sailfish based strategy could estimate transcript expression of both linear and circular transcripts (Fig. 2) . The strong correlation between the estimated expression value and the input expression level in the simulation suggests high estimation accuracy of the new model-based strategy for both linear and circular transcripts (Fig. 2) . In comparison, the estimated values of circRNA expression by count-based method, such as CIRI (Gao et al., 2015) , had substantial deviations from the expression values set in simulation (Fig. 5) . The ratio of circular to linear transcripts of most circular transcripts was under-estimated by CIRI (Fig. 5) , which may be largely due to the sampling effects in transcriptome sequencing. The superiority of the model-based strategy was further confirmed by the performance of circRNA quantification in real rRNA-depleted RNA-seq datasets (Figs 6 and 7) . The main reason why the model-based framework performed better than count-based methods might be that all sequencing reads sampled from circular transcripts, rather than reads originated from back-splicing junction only, were used for expression estimation in model-based method.
An rRNA-depleted RNA library should contain both circular and linear transcripts in the sequenced RNA-seq data. Currently, only linear transcripts are considered when quantifying RNA transcript expression from rRNA-depleted RNA-seq data. Circular transcripts, however, will confound the estimated expression values of their corresponding linear RNAs. Because RNA-seq reads sampled from internal exons can originate from either linear or circular transcripts, reads sampled from circular transcript will be mis-assigned to its corresponding linear transcripts if circular transcripts are not considered. Our results confirmed that the expression values of linear transcripts were over-estimated when circular transcripts were not considered in expression quantification from RNA-seq data (Fig. 4) . This finding highlights the importance of considering circular transcripts when quantifying RNA expression from an rRNAdepleted RNA-seq dataset. It is worth noting that the quantification of linear transcripts will be improved when the circRNAs included in the reference are directly identified from the RNA-seq data, as suggested by Sailfish-cir. However, the blind inclusion of nonexpressed circular transcripts will lead to underestimation of the linear transcript expression, since VBEM algorithm will weigh using the number of transcripts in which RNA-seq reads were quasimapped (Srivastava et al., 2016) .
Our results also showed that the estimated expression values of circular transcripts by Sailfish-cir were affected by several factors, including amount of gene expression, gene length and the ratio of circular to linear transcripts (Fig. 3) . For circular transcripts that have greater expression and a larger ratio of circular to linear transcripts, more sequencing reads should be sampled from the sequencing library. The larger amount of reads contained in the RNA-seq data will be able to increase the estimation accuracy by statistical inference. Consistent with this assumption, we observed smaller deviations in estimation for circular transcripts exhibiting greater expression (Fig. 3B ) and a larger ratio of circular to linear transcripts (Fig. 3D) . In future studies, the biases caused by circRNA expression level, gene length and the ratio of circular to linear transcripts could be modeled to increase the performance of Sailfish-cir estimation. In this study, we mainly considered a simplified gene structure model in simulated RNA-seq datasets. We observed that as the uniqueness of linear and circular transcripts increased, the accuracy of estimated Fig. 7 The cumulative distribution of the standard deviation (SD) of circRNA expression among replicates. hESC replicates at four stages of differentiation were investigated: undifferentiated (n ¼ 21), mesoderm (n ¼ 17), progenitor cardiac (n ¼ 17) and definitive cardiomyocyte (n ¼ 16). Sailfish-cir estimates had smaller variation than count-based estimates (CIRI, circRNA_finder, KNIFE) for all differentiation stages. The P-values were computed by Kolmogorov-Smirnov test circular transcript expression value also increased (Fig. 3A) . This finding might be expected because the unique part of isoforms contributes more information in the statistical estimation of transcript expression. In a real dataset, the isoform structure will be much more complicated than the gene model we simulated here. In principle, model-based method should have much better performance than count-based method when the gene structure model is complex, as we observed in a simulated RNA-seq dataset with the same gene structure (Supplementary Figure S8) . More work is needed to investigate the effect of gene structure on circRNAs expression estimation.
A comparative study of circRNA identification tools (Hansen et al., 2016) observed dramatic differences among the algorithms regarding the highly expressed circRNAs and the circRNAs derived from proximal splice sites, which suggests that some circRNA annotation tools have identified a substantial fraction of false positive circRNAs. Recently, Szabo et al. (2015) have developed a new computational tool that increased the sensitivity and specificity of circRNA detection. They achieved this by modeling the read alignments and back-splicing junctions and statistically inferring the posterior probability of detected circRNAs (Szabo et al., 2015) . Ideally, Sailfish-cir could not only quantify circRNA expression, but also detect false-positive circRNAs, since the circRNAs with extremely low quantified expression are more likely to be false discovered. In our results, we observed that Sailfish-cir could only partially address the problem of false positives in circRNA identification (Supplementary Material Text S1 and Figure S9 ). We propose that some false discovered circRNAs identified by circRNA identification tools, such as KNIFE (Szabo et al., 2015) , should be pre-filtered before circRNA quantification using Sailfish-cir.
Other than expression quantification, another important problem in circRNA expression analysis is the identification of differentially expressed circRNAs from several high-throughput RNA-seq datasets. A recent study presented a computational tool, CircTest (Cheng et al., 2016) , to test host gene-independence of circRNA expression across different experimental conditions. They employed a beta-binomial model to model changes in circRNA expression relative to that of its host gene (Cheng et al., 2016) . In addition, several previous statistical tools (Soneson and Delorenzi, 2013) have been developed to find canonical genes that are differentially expressed between conditions from microarray or RNA-seq data, such as DEseq, EBseq and EdgeR (Bullard et al., 2010; Di et al., 2011; Hardcastle and Kelly, 2010; Leng et al., 2012; Robinson et al., 2010; Tarazona et al., 2011) . CircRNA expression values estimated by Sailfish-cir are comparable to those of canonical linear transcripts. Hence, the tools that can identify differentially expressed genes should be applied to identify differentially expressed circRNAs between different conditions. Furthermore, the usage of different circRNA quantification methods should have effects on the identification of differentially expressed circRNAs. For example, we investigated the circRNA differential expression pattern regarding the sequential stages of hESC-derived cardiomyocyte differentiation, using both KNIFE and Sailfish-cir. We found that, compared with KNIFE, Sailfish-cir discovers more circRNAs differentially expressed with cardiac induction time-course (Supplementary Material Text S2 and Figure S10 ). Although more accurate quantification of circRNA expression values have the potential to increase the sensitivity of differential circRNA expression analysis, more thorough analyses are needed to validate this, and to explore the possibility of better biological inferences.
